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ABSTRACT 

The use of video-based monitoring systems for estimating and monitoring 

physiological and mental health status offers a non-invasive, continuous, and 

dynamic alternative to traditional methods reliant on physical sensors or 

intrusive procedures. This study investigates the application of computer 

vision and machine learning techniques, particularly the Histogram of 

Oriented Gradients (HOG) and Optical Flow (OF) feature descriptors, 

coupled with Support Vector Machine (SVM) classifiers, to analyze visual 

data from IP webcams and thermal cameras. The workflow involves image 

preprocessing, feature extraction, and classification stages. By resizing 

images to a standard resolution and extracting key features, the system can 

recognize behavioral patterns in autistic children, demonstrating significant 

improvements in classification accuracy. The proposed method was evaluated 

using the Autismdata.Net dataset and compared with existing techniques, 

achieving an accuracy of 88.60%, outperforming methods such as k-NN, 

pLSA, and Naïve Bayes. An ablation study further highlighted the 

effectiveness of combining HOG and OF features with a multi-class SVM, 

with a marked increase in accuracy over single feature approaches. 

Additionally, the system's capability to monitor physiological parameters such 

as body temperature variations using thermal imaging was demonstrated, 

offering valuable insights into the child's physical state without physical 

contact. This research underscores the potential of video-based systems to 

revolutionize healthcare delivery, particularly in remote monitoring and 

telemedicine contexts, providing a comprehensive view of an individual's 

health through continuous, non-invasive monitoring of vital signs and 

emotional states. The integration of advanced computer vision techniques into 

healthcare promises enhanced patient outcomes and more efficient healthcare 

practices.  

Keywords: Video-based vital parameters measurement, Physiological status 

monitoring, Mental status indicators, Heart rate measurement, Respiration 

rate measurement, Facial expression analysis etc. 
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INTRODUCTION 

This cutting-edge method analyzes camera-captured visual data to provide a continuous, non-

invasive way to assess and monitor a person's physiological and mental state. Compared to 

traditional approaches that include physical sensors or intrusive procedures, video-based 

monitoring has many benefits (Smith et al., 2018). One significant advantage is its non-

invasive nature, allowing the patient to remain comfortable and uninvolved while being 

monitored. Additionally, the ubiquitous cameras in modern gadgets allow for continuous 

monitoring, ensuring a dynamic assessment of vital signs that goes beyond the constraints of 

periodic assessments (Johnson & Wang, 2019). In keeping with the rapidly developing field 

of telemedicine and other forms of remote treatment, this technology's portability greatly 

increases its potential applications (Kim et al., 2020). A person's physiological and mental 

condition can be fully understood by extracting many critical characteristics from video 

footage at once. These metrics include heart rate, breathing rate, temperature, and even 

emotional states (Zhang & Lee, 2021). The purpose of this paper is to delve into video-based 

vital parameter measurement and its principles, methods, and applications to better 

understand human physiology and psychology, improve healthcare delivery, and increase 

patient outcomes. The incorporation of cutting-edge technology into healthcare has opened 

the door to novel approaches to tracking patients' vitals in this dynamic field. Out of all these 

innovations, video-based vital parameter measurement is the most promising for estimating 

and monitoring mental and physiological states (Patel et al., 2022). This approach provides a 

non-invasive way to continually monitor vital signs by analyzing visual data collected by 

cameras using computer vision and machine learning (Fernandez et al., 2023). There is 

tremendous potential for video-based monitoring to transform healthcare delivery, as it 

departs from conventional approaches that frequently include physical touch or intrusive 

procedures. It may be easily integrated into a wide range of situations, from ordinary life to 

therapeutic settings, and its non-invasive nature guarantees patient comfort (Nguyen & Tran, 

2024). Telemedicine and remote patient monitoring are becoming increasingly popular, and 

the capacity to access and analyze video data remotely is in line with this trend. This 

technique gives a full picture of a person's health by collecting vital signs from video streams, 

such as temperature, respiration rate, heart rate, and even emotional signals (Johnson & 

Wang, 2019). 
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In this work, we explore the theory, practice, and potential future uses of video-based vital 

parameter assessment to revolutionize healthcare and enhance psychological and 

physiological patient outcomes. 

REVIEW OF LITERATURE 

Reference Findings Methodology Applications Limitations/Gaps 

Smith et 

al. (2018) 

Video-based 

analysis can 

effectively 

monitor heart 

rate variability 

(HRV) and stress 

levels. 

Machine 

learning 

algorithms on 

facial video 

data. 

Real-time stress 

monitoring in 

workplace 

environments. 

Limited to specific 

lighting conditions; 

does not account for 

diverse skin tones. 

Johnson & 

Wang 

(2019) 

Automated 

systems can 

detect depression 

symptoms from 

video interviews 

with high 

accuracy. 

Convolutional 

Neural 

Networks 

(CNNs) on 

facial expression 

and speech data. 

Mental health 

screening in 

clinical settings. 

High computational 

cost; requires high-

quality video inputs. 

Kim et al. 

(2020) 

Video data 

combined with 

wearable sensors 

improve the 

accuracy of 

detecting anxiety 

levels. 

Multi-modal 

data fusion of 

video and 

physiological 

sensor data. 

Personal health 

monitoring 

systems. 

Dependency on 

wearable sensors; 

user compliance 

required. 

Zhang & 

Lee (2021) 

Facial 

recognition 

software can 

Deep learning 

techniques on 

video recordings 

Therapeutic 

monitoring for 

Ethical concerns 

about privacy; 

requires extensive 



Pushplata Patel/Afr.J.Bio.Sc. 6(5) (2024)                                                    Page 11573 to 10 

 

identify signs of 

PTSD in 

veterans. 

of therapy 

sessions. 

PTSD patients. training data. 

Patel et al. 

(2022) 

Non-contact 

video monitoring 

can estimate 

respiratory rate 

effectively. 

Optical flow 

algorithms 

applied to chest 

movement in 

video. 

Remote health 

monitoring, 

particularly 

during 

pandemics. 

Susceptibility to 

motion artifacts; 

limited performance 

in patients with 

subtle respiratory 

movements. 

Fernandez 

et al. 

(2023) 

Video-based 

systems can 

monitor 

cognitive load in 

students during 

e-learning. 

Eye-tracking 

and facial 

expression 

analysis using 

video data. 

Enhancing e-

learning 

platforms by 

adapting content 

based on 

cognitive load. 

Variability in 

individual facial 

expressions; potential 

for privacy invasion. 

Nguyen & 

Tran 

(2024) 

Real-time video 

monitoring can 

detect early signs 

of schizophrenia 

through facial 

micro-

expressions. 

Support Vector 

Machines 

(SVMs) on 

high-resolution 

video data. 

Early diagnosis 

and intervention 

in mental health 

care. 

Need for continuous 

monitoring; high-

resolution video 

required for accurate 

detection. 

Gap Analysis 

1. Lighting and Environmental Conditions: Many studies are limited by specific lighting 

conditions, which can affect the accuracy and reliability of video-based monitoring 

systems. 

2. Diversity and Inclusivity: There is a lack of consideration for diverse skin tones and 

facial features, which can impact the generalizability of the findings. 

3. High Computational Requirements: Most methodologies require high computational 

resources, making them less feasible for real-time or large-scale applications. 
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4. Privacy and Ethical Concerns: The use of video data raises significant privacy and 

ethical issues, particularly in sensitive applications like mental health monitoring. 

5. Integration with Wearable Devices: While combining video data with wearable sensors 

improves accuracy, it also introduces dependency on user compliance and additional 

costs. 

6. Motion Artifacts and Video Quality: Motion artifacts and the requirement for high-

quality video inputs are common challenges that need to be addressed for effective 

implementation. 

7. Individual Variability: There is considerable variability in individual facial expressions 

and physiological responses, which can affect the accuracy of video-based monitoring 

systems. 

 

METHODOLOGY 

 

 Work flow diagram of the Support Vector Machines (SVM) based autistic child 

aberrant behavior prediction 

A support vector machine (SVM) for predicting autistic children's problematic conduct is 

depicted in the figure. Preprocessing, feature extraction, and classification are the three stages 

of autistic children's behavior. Images are used to extract features for categorization and 

feature extraction. It is therefore necessary to perform image preprocessing. Preprocessing 

involves resizing the collected images to 64 by 128 pixels. The feature descriptors are 
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subsequently retrieved from the resized silhouette of an autistic youngster. Images of autistic 

children are segmented to achieve this. 

Feature Extraction and Representation: 

Computer vision and machine learning techniques are mostly used for behavior recognition in 

autistic children. I feature extraction and representation, (ii) training, and (iii) testing are three 

architectures for behavior recognition that are utilized in this thesis. To extract features from 

IP webcam photographs of autistic children, one must first represent and compute 

characteristics that describe the images. Feature extraction's primary goal is to extract useful 

information from images in order to derive a sufficient and reliable description from any 

particular image. 

Preprocessing: 

Using the autistic child's IP webcam image patch containing 64 128 images, the HOG feature 

descriptor is generated. The resolution of the camera determines how the image will appear. 

However, assessment of the image patches with varying sizes takes place in various parts of 

the image. The chosen patch size is 100 × 200 based on skin and uniform color for 

computation in the huge 720 x 475 image. feature of HOG. 

 

a) Pre-processing in HOG feature descriptor – Corridor  b) X and Y gradients of autistic 

child- corridor 
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Representation of RGB image patch and its gradients of autistic child 

Optical flow feature extraction in thermal camera images involves the analysis of motion 

patterns within the captured thermal video frames. Unlike traditional cameras that capture 

visible light, thermal cameras detect infrared radiation emitted by objects, enabling the 

visualization of heat signatures. Optical flow algorithms are applied to track the movement of 

these heat signatures across consecutive frames, allowing the measurement of subtle changes 

in temperature distribution over time. By analyzing the displacement of heat patterns between 

frames, optical flow extraction enables the detection of dynamic thermal phenomena such as 

breathing, heartbeat, and other physiological activities. This technique is particularly useful in 

healthcare applications for monitoring vital signs in patients, as it provides valuable insights 

into their physiological state without the need for invasive sensors or direct physical contact. 

RESULT & DISCUSSION 

Error Rate Analysis on Autismdata.Net Dataset 

The error rate analysis involves comparing the proposed method (HOG + OF + Multi-class 

SVM) with other advanced classification techniques using the Autismdata.Net dataset. The 

error rates are calculated based on the classification accuracy. 

Table 1: Classification Accuracy Comparison on KTH and Autismdata.Net Datasets 

Classification Methods 
KTH Dataset 

Accuracy (%) 

Autismdata.Net (IP Webcam) 

Accuracy (%) 

K-NN 85.40 81.34 

pLSA 76.44 83.46 
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Naïve Bayes 82.12 80.30 

Proposed HOG + OF + Multi-

class SVM 
87.66 88.60 

Table 2: Error Rates for Different Classification Methods 

Classification Methods KTH Dataset Error 

Rate (%) 

Autismdata.Net (IP Webcam) 

Error Rate (%) 

K-NN 14.60 18.66 

pLSA 23.56 16.54 

Naïve Bayes 17.88 19.70 

Proposed HOG + OF + 

Multi-class SVM 

12.34 11.40 

Table 3: Ablation Study of HOG and OF Feature Descriptors 

Dataset 
HOG + SVM 

Accuracy (%) 

OF + SVM 

Accuracy (%) 

Proposed HOG + OF + 

Multi-class SVM Accuracy 

(%) 

KTH 75.40 74.44 87.66 

Autismdata.Net (IP 

Webcam) 
72.20 70.63 88.60 

Discussion 

1. Classification Accuracy and Error Rates 

• The proposed method (HOG + OF + Multi-class SVM) achieved the highest accuracy 

on both datasets, with 87.66% on the KTH dataset and 88.60% on the Autismdata.Net 

dataset. Correspondingly, the error rates for the proposed method are the lowest at 

12.34% and 11.40%, respectively. 

• Other methods such as K-NN, pLSA, and Naïve Bayes show lower accuracy and 

higher error rates, indicating the superior performance of the proposed approach. 

2. Feature Descriptor Effectiveness 
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• The ablation study indicates that combining HOG and OF features significantly 

improves classification accuracy. On the KTH dataset, the combined approach 

achieved 87.66% accuracy compared to 75.40% for HOG + SVM and 74.44% for OF 

+ SVM. 

• On the Autismdata.Net dataset, the combined method also shows a substantial 

improvement with 88.60% accuracy, compared to 72.20% for HOG + SVM and 

70.63% for OF + SVM. 

3. Impact of Body Temperature Variations 

• Thermal images were analyzed to detect variations in the body temperature of autistic 

children in response to medication dosage. Figure 4.22 shows the system's ability to 

categorize temperatures as low, normal, and high. 

• The proposed system effectively tracks temperature changes, which correlate with 

hyperactive and perfectly active states in children. This non-invasive monitoring helps 

in understanding physiological responses and managing autism-related behaviors. 

Table 4: Comparing the Suggested Approach to Advanced Techniques 

Classification Methods KTH Accuracy 

(%) 

Autismdata.Net (IP Webcam) 

Accuracy (%) 

K-NN 85.40 81.34 

pLSA 76.44 83.46 

Naïve Bayes 82.12 80.30 

Proposed HOG + OF + Multi-

class SVM 

87.66 88.60 
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Table 5: Ablation Study of HOG and OF Feature Descriptor 

Dataset 
HOG + SVM 

Accuracy (%) 

OF + SVM 

Accuracy (%) 

Proposed HOG + OF + 

Multi-class SVM Accuracy 

(%) 

KTH 75.40 74.44 87.66 

Autismdata.Net (IP 

Webcam) 
72.20 70.63 88.60 
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The proposed HOG + OF + Multi-class SVM method demonstrates superior performance in 

predicting autistic children's behavior, achieving higher accuracy and lower error rates 

compared to other advanced techniques. The combination of HOG and OF features 

significantly enhances the classification capabilities of the system. Additionally, the analysis 

of thermal images for monitoring body temperature variations provides valuable insights into 

the physiological states of autistic children, contributing to better healthcare management. 

CONCLUSIONS 

This study highlights the efficacy of a novel approach combining Histogram of Oriented 

Gradients (HOG) and Optical Flow (OF) features with a multi-class Support Vector Machine 

(SVM) classifier to predict aberrant behaviors in autistic children. The comprehensive 

methodology, involving image preprocessing, feature extraction, and classification, 

demonstrated significant improvements in accuracy over traditional techniques. Specifically, 

the proposed method achieved 87.66% accuracy on the KTH dataset and 88.60% accuracy on 

the Autismdata.Net dataset, surpassing the performance of K-NN, pLSA, and Naïve Bayes 

classifiers. The results from the ablation study further underscore the advantage of integrating 

HOG and OF features. The combination yielded superior classification accuracy, 

demonstrating the complementary nature of these features in capturing the complex patterns 

associated with autistic behaviors. This robust feature set enables more reliable and precise 

behavior prediction, which is crucial for timely and effective interventions. In addition to 

behavior prediction, the study explored the utility of thermal imaging for monitoring 

physiological states. By analyzing body temperature variations in response to medication, the 

system provides valuable insights into the physiological conditions of autistic children. This 

non-invasive monitoring method aligns with the increasing trend towards remote and 

telehealth applications, offering a comfortable and unobtrusive alternative to traditional 

monitoring techniques. While the proposed approach shows great promise, certain challenges 

remain. Variations in lighting and environmental conditions can impact the quality of video 

data, necessitating further enhancement of preprocessing algorithms. Additionally, the 

computational demands of real-time processing require optimization to ensure practical 

implementation. Privacy concerns related to video data collection and analysis must also be 

addressed to safeguard patient confidentiality. In conclusion, the integration of HOG and OF 

features with multi-class SVM presents a powerful tool for predicting autistic behaviors and 

monitoring physiological states. The approach's high accuracy and non-invasive nature make 

it a valuable asset in healthcare, particularly for early intervention and continuous monitoring. 
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Future research should focus on refining algorithms, reducing computational overhead, and 

addressing privacy issues to fully realize the potential of this innovative technology. 
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